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Abstract – We perform a comparative analysis of the Chinese stock market around the occur-
rence of the 2008 crisis based on the random matrix analysis of high-frequency stock returns of
1228 stocks listed on the Shanghai and Shenzhen stock exchanges. Both raw correlation matrix
and partial correlation matrix with respect to the market index in two time periods of one year
are investigated. We find that the Chinese stocks have stronger average correlation and partial
correlation in 2008 than in 2007 and the average partial correlation is significantly weaker than
the average correlation in each period. Accordingly, the largest eigenvalue of the correlation ma-
trix is remarkably greater than that of the partial correlation matrix in each period. Moreover,
each largest eigenvalue and its eigenvector reflect an evident market effect, while other deviating
eigenvalues do not. We find no evidence that deviating eigenvalues contain industrial sectorial
information. Surprisingly, the eigenvectors of the second largest eigenvalues in 2007 and of the
third largest eigenvalues in 2008 are able to distinguish the stocks from the two exchanges. We
also find that the component magnitudes of the some largest eigenvectors are proportional to the
stocks’ capitalizations.
Introduction. – Financial markets evolve in a self-
organized manner with the interacting elements forming
complex networks at different levels, including interna-
tional markets [1–4], individual markets [5–8], and security
trading networks [9–16]. There are well-documented styl-
ized facts of stock return time series within individual mar-
kets unveiled by the random matrix theory (RMT) anal-
ysis [6, 17]: (1) The largest eigenvalue reflects the market
effect such that its eigenportfolio returns are strongly cor-
related with the market returns; (2) Other largest eigen-
values contain information of industrial sectors; and (3)
The smallest eigenvalues embed stock pairs with large cor-
relations. However, for stock exchange index returns [1]
and housing markets [18, 19], the largest eigenvalues can
be used to extract geographic traits. Moreover, the signs
of eigenvector components contain information of local in-
teractions [18, 20, 21].
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Financial crises occur more frequently than people usu-
ally expect, during which financial markets experience
abrupt regime changes like phase transitions [22, 23].
The market correlation structure changes around financial
crashes. The average correlation after the critical point of
crash is higher than that before the crash [3,17,24]. Also,
the correlation network becomes more connected after the
crash [25]. It is natural that the absorption ratio of the
largest eigenvalue serves as a measure of systemic risk [26].
On the other hand, the partial correlation analysis,
which is a powerful tools for investigating the intrin-
sic correlation between two time series effected by com-
mon factors [27], has been applied to financial markets
[17–19, 28–32]. An intriguing feature is that the partial
correlation analysis is able to identify influences among
different time series [30].
Applying the random matrix theory analysis to the 1-
min high-frequency returns of Chinese stocks, we investi-
gate in this work the correlation structure changes around
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the breakout of the Great Crash at the end of 2007 [33].
We focus on unveiling the information contents embedded
in the deviating eigenvalues and their associated eigenvec-
tors of the raw and partial correlation matrices. Novel
results are found.
Data sets. – We investigate the 1-min return time
series of 489 A-share stocks traded on the Shenzhen Stock
Exchange (SZSE) and 739 A-share stocks traded on the
Shanghai Stock Exchange (SHSE) in 2007 and 2008, to-
tally 1228 stocks, which were kindly provided by RES-
SET (http://resset.cn/). These stocks are chosen such
that they have been listed before 2007 and had at least
180 trading days in each year.
The SZSE stocks belong to 16 industrial sectors includ-
ing manufacturing (C, 306, 62.58%), real estate (K, 39,
7.98%), wholesale and retail industry (F, 39, 7.98%), elec-
tric power, heat, gas and water production and supply
(D, 26, 5.32%), transport, storage and postal service (G,
14, 2.86%), mining (B, 11, 2.25%), information transmis-
sion, software and information technology services (I, 10,
2.04%), and 9 other industries. The SHSE stocks belong
to 18 industrial sectors including manufacturing (C, 397,
53.72%), wholesale and retail industry (F, 74, 10.01%),
real estate (K, 54, 7.31%), transport, storage and postal
service (G, 47, 6.36%), electric power, heat, gas and wa-
ter production and supply (D, 41, 5.55%), mining (B, 23,
3.11%), information transmission, software and informa-
tion technology services (I, 21, 2.84%), and 11 other in-
dustries.
The 1-min logarithmic returns of stock i are calculated
as follows
ri(t) = lnPi(t)− lnPi(t− 1), (1)
where Pi(t) denotes the price of stock i at time t and
t = 1, 2, · · · , T . The returns are calculated at the intraday
manner and no overnight returns are considered.
Distributions of correlation coefficients and par-
tial correlation coefficients. – For each year, 2007 or
2008, we calculate the correlation coefficient cij between
the returns of stock i and stock j, which form the corre-
lation matrix C, as follows:
cij =
〈[ri − 〈ri〉][rj − 〈rj〉]〉
σriσrj
, (2)
where σri and σrj are the standard deviations of ri(t) and
rj(t). It is common that the 1-min trading time sequences
of stock i and stock j do not overlap. Under such circum-
stance, we discard those times appeared in only one stock.
For two arbitrary return time series ri(t) and rj(t), we can
extract their idiosyncratic components εi(t) by removing
a common collective component rm(t) and calibrating the
following simple univariate factor model:
ri(t) = αi + βirm(t) + εi(t), (3)
where rm(t) is the 1-min return time series of the Shanghai
Stock Exchange Composite Index (SSCI). The partial cor-
relation coefficient ρij between ri(t) and rj(t) with respect
to rm(t) is defined as the correlation coefficient between
the two residuals εi(t) and εj(t):
ρij =
〈[εi − 〈εi〉][εj − 〈εj〉]〉
σεiσεj
, (4)
where σεi and σεj are the standard deviations of εi(t) and
εj(t). We denote P = [ρij ] the partial correlation ma-
trix. Simple algebraic manipulations result in the follow-
ing equation [27, 29]
ρij =
cij − cimcjm√
(1− c2im)
(
1− c2jm
) , (5)
where cim (cjm) is the correlation coefficient between ri
(rj) and rm.
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Fig. 1: (Color online.) Probability distributions f(cij) and
f(ρij) of correlation coefficients cij and partial correlation co-
efficients ρij of stock return time series in 2007 and 2008.
Fig. 1 illustrates that the distributions f(cij) and f(ρij)
of correlation coefficients cij and partial correlation coeffi-
cients ρij in 2007 and 2008. The overwhelming majority of
cij are positive and the distributions are rightly skewed.
The average correlation coefficient in 2007 (〈cij,2007〉 =
0.098) is slightly smaller than that in 2008 (〈cij,2008〉 =
0.112), implying that the Chinese stock market was in
high risk and this systemic risk is higher in the panic bear-
ish period than in the mania bullish period. The average
correlation coefficients of 1-min returns are significantly
smaller than those of daily returns (about 0.35) [24, 34],
which is due to the fact that high-frequency returns are
more noisy. The maximum correlation coefficient is 0.314
in 2007 and 0.386 in 2008.
After removing the influence of SSCI, the distribu-
tions f(ρij,2007) and f(ρij,2008) become narrower with the
average partial correlation coefficients closer to 0 when
compared with f(cij,2007) and f(cij,2008), the bulk parts
with −0.02 < ρ < 0.12 of the two distributions almost
overlap, and the discrepancy between the two distribu-
tions f(ρij,2007) and f(ρij,2008) becomes much smaller.
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Table 1: Characteristic values of the eigenvalue distributions
of the raw and partial correlation matrices in 2007 and 2008.
p<λmin and p>λmax are respectively the percentages of empirical
eigenvalues which are less than λmin and greater than λmax.
λmin λmax λ1 p<λmin p>λmax
c2007 0.728 1.315 130.8 27.04% 3.75%
c2008 0.731 1.311 148.9 28.34% 2.20%
ρ2007 0.728 1.315 41.89 15.39% 7.00%
ρ2008 0.731 1.311 41.90 14.01% 5.94%
It suggests that the discrepancy between f(cij,2007) and
f(cij,2008) is mainly caused by a market effect. We further
observe that there are more negative partial correlation
coefficients in 2007 and more positive partial correlation
coefficients in 2008. However, the proportions are low.
Distributions of eigenvalues. – For the correla-
tion matrix and the partial correlation matrix, we can
determine their eigenvalues and the associated eigenvec-
tors. When the observed time series have zero mean
and unit variance, in the limit N → ∞, T → ∞ where
Q = T/N ≥ 1 is fixed, the random matrix theory pre-
dicts that the distribution frmt(λ) of eigenvalues λ can be
expressed as [35, 36]
frmt(λ) =
Q
2pi
√
(λmax − λ)(λ − λmin)
λ
(6)
for λ ∈ [λmin, λmax], where λmin and λmax are respectively
given by
λmaxmin =
(
1±
√
1/Q
)2
, (7)
which predicts a finite range of eigenvalues determined by
the ratio Q = T/N .
There are N = 1228 stocks in our sample. For the
raw and partial correlation matrices in 2007, T = 56882
and thus Q = 46.32. We obtain that λmin = 0.728 and
λmax = 1.315. For the raw and partial correlation matrices
in 2008, T = 58310 and thus Q = 47.48. We obtain that
λmin = 0.731 and λmax = 1.311. These characteristic
values are summarized in Table 1. Note that the results
are essentially the same if we construct the random matrix
from shuffled return time series [18, 37].
To identify that the estimated cross-correlations be-
tween stock returns are not a result of randomness, we
compare in Fig. 2 the empirical eigenvalue distributions
f(λ) of the raw and partial correlation matrices C and
P with the RMT prediction frmt(λ) given by Eq. (6).
It is somewhat “trivial” to observe that all the empiri-
cal eigenvalue distributions deviate significantly from the
RMT prediction.
For the raw correlation matrices C, there are 46 eigen-
values (3.75%) exceeding λmax = 1.315 in 2007 and 27
eigenvalues (2.20%) exceeding λmax = 1.311 in 2008. How-
ever, the largest eigenvalue λ1 = 148.9 in 2008 is greater
than λ1 = 130.8 in 2007. Since λ1/N is a measure of sys-
temic risk [26], we argue that the Chinese stock market has
Fig. 2: (Color online.) Probability distributions f(λ) of the
eigenvalues obtained from the raw and the partial correlation
matrices of stock return time series in 2007 and 2008. The
red smooth curve in each plot is the eigenvalue distribution
predicted by the random matrix theory. The insets show the
largest eigenvalues λ1.
a higher systemic risk in 2008 than in 2007. Moreover, the
largest eigenvalue captures 11.6% of the variations in the
return time series in 2007 and 12.1% of the variations in
2008. We also find that 332 eigenvalues (27.04%) are less
than λmin = 0.728 in 2007 and 348 eigenvalues (28.34%)
are less than λmin = 0.731 in 2008. All these deviating
eigenvalues and the associated eigenvectors might contain
significant economic information.
For the partial correlation matrices P, there are 86
eigenvalues (7.00%) exceeding λmax = 1.315 in 2007 and
73 eigenvalues (5.94%) exceeding λmax = 1.311 in 2008.
Surprisingly, the largest eigenvalue λ1 = 41.90 in 2008
is almost equal to λ1 = 41.89 in 2007, indicating that
the higher systemic risk in 2008 was mainly introduced
by the co-movements of stocks. In addition, the largest
eigenvalue accounts for about 3.4% of the variations in
the return residual time series in 2007 and 2008. We
also find that 189 eigenvalues (15.39%) are less than
λmin = 0.728 in 2007 and 172 eigenvalues (14.01%) are
less than λmin = 0.731 in 2008. Overall, after removing
the influence of SSCI, the eigenvalue distribution becomes
much closer to the RMT prediction.
Eigenvectors of the largest eigenvalues. – We
now turn to unveil the economic information embedded
in the first few largest eigenvalues of each matrix. Fig. 3
shows the associated eigenvectors of the five largest eigen-
values of the raw and partial correlation matrices in 2007
and 2008. Strikingly, there are no significant differences
between the two eigenvectors associated with the k-th
largest eigenvalue of the raw and partial correlation ma-
trices in a given year. However, we observe significant
differences for the eigenvectors in different years. We thus
focus on the discussions of the raw correlation matrices
p-3
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Fig. 3: Components of the eigenvectors u1 to u5 corresponding to the five largest eigenvalues of the raw and partial correlation
matrices in 2007 and 2008. The vertical dashed lines are used to separate in turn 489 SZSE stocks (39.8%) and 739 SHSE stocks
(60.2%) according to their industries.
below.
Table 2: Percentages of stocks traded on the SZSE and the
SHSE whose components are positive (or negative) in the eigen-
vector u2 or u3 of the raw correlation matrix C in 2007 or 2008.
2007 2008
+ − + −
u2 SZSE 93.86% 0 49.64% 34.77%
SHSE 6.14% 100% 50.36% 65.23%
u3 SZSE 35% 45% 3.79% 78.28%
SHSE 65% 55% 96.21% 21.72%
The most intriguing pattern is observed in the eigen-
vector u2 of the second largest eigenvalue in 2007 and in
the eigenvector u3 of the third largest eigenvalue in 2008.
In the eigenvector u2 of 2007, 93.86% of the positive com-
ponents correspond to SZSE stocks and 6.14% to SHSE
stocks, while all the negative components are associated
with SHSE stocks, as shown in Table 2. In the eigenvec-
tor u3 of 2008, 3.79% of the positive components corre-
spond to SZSE stocks and 96.21% to SHSE stocks, while
78.28% of the negative components are associated with
SZSE stocks. Therefore, the component signs of u2 in
2007 and u3 in 2008 are able to distinguish SZSE stocks
from SHSE stocks. This feature is not clearly observed
for other eigenvectors. For instance, in the eigenvector u2
of 2008, half of the positive components come from SZSE
stocks and 1/3 of the negative components from SZSE
stocks.
Market effect. – The deviating eigenvalues capture
the collective behaviors of different groups of stocks and in
particular the largest eigenvalue usually reflects the mar-
ket effect [7]. The characteristic of a market effect is the
eigenvector u1 of the largest eigenvalue λ1 has roughly
equal components on all of the N stocks, showing a nice
linear relationship between the returns of the eigenport-
folio constructed from u1 and of the market index [17].
Usually, other deviating eigenvalues do not reflect a mar-
ket effect but the comovement of stocks in the same in-
dustrial sector [17], the same traits shared by stocks [34],
or geographic localization [38]. However, it is also possi-
ble that other deviating eigenvalues also reflect a market
effect, such as the USA housing market [18].
For each eigenvector uk = [uk1, · · · , uki, · · · , ukN ]
T as-
sociated with eigenvalue λk, we construct its eigenportfo-
lio, whose returns are calculated by
Rk(t) =
uTk r(t)∑N
i=1 uki
(8)
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where r(t) = [r1(t), · · · , ri(t), · · · , rN (t)]
T, and uTk · r de-
notes the projection of the return time series on the eigen-
vector uk. The return time series Rm(t) of the SSCI, R1(t)
of the first eigenportfolio and R2(t) of the second eigen-
portfolio of the partial correlation matrices are plotted in
Fig. 4(a,c,e) for 2007 and in Fig. 4(b,d,f) for 2008. The
results are almost the same for the raw correlation matri-
ces, which is natural due to the similarity of corresponding
eigenvectors of P and C shown in Fig. 3. It is found that
R1(t) is quite similar to Rm(t) in each year, while R2(t)
is very different from Rm(t).
Fig. 4: Market effect of the largest eigenvalues λ1 of the partial
correlation matrices P in 2007 (left) and 2008 (right). The
results for the raw correlation matrices C are almost the same.
The outlier point in (h) and (j) is caused by an abrupt price
change at 10:30 on 20 March 2008 shown in (b).
Fig. 4(g-j) present the scatter plots of market returns
Rm(t) against the eigenportfolio returns Rk(t) (k = 1, 2)
constructed from P. We find that there is no linear de-
pendence between Rm(t) and R2(t). No linear dependence
is observed either for Rk(t) with k > 2 (not shown in
Fig. 4). In contrast, there is a nice linear dependence be-
tween Rm(t) and R1(t) in each year. The slope is 0.815 in
2007 and 0.733 in 2008. For C, the slope is 0.829± 0.004
in 2007 and 0.741 ± 0.004 in 2008. These observations
suggest that the largest eigenvalue quantifies a common
influence on all stocks, while the rest of deviating eigen-
values contain no information about such a market effect.
The results for the raw correlation matrices C are well
established for diverse stock markets, especially on the
daily level [17, 34]. However, the results for the partial
correlation matrices P are somewhat surprising. It was
expected that the largest eigenvalue is no longer associ-
ated with the market, since the effect of the index has
been removed [28]. According to our results, this natu-
ral conjecture is surprisingly not true. On the contrary,
similar phenomena were observed for daily stock returns
[39].
Eigenvector components and stocks’ market cap-
italizations. – We checked the components of eigen-
vectors associated with the smallest eigenvalues. There
are a few components whose magnitudes are significantly
greater than the averages. However, we did not observe
solid evidence that the correlations of the corresponding
return time series of these components are among the
largest, which is different from the U.S. stock market [17]
and the global crude oil market [38].
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Fig. 5: Relationship between the eigenvector components of
the raw correlation matrix and stocks’ market capitalizations
in 2007 (left) and 2008 (right).
We investigated the relationship between the eigenvec-
tor components and stocks’ market capitalizations. Fig. 5
illustrates the results for u1, u2 and u3 of the raw cor-
relation matrix. The results for the partial correlation
matrices are similar, as elaborated by the eigenvectors
in Fig. 3. The eigenvector components of u1 are posi-
tively correlated with the corresponding capitalizations,
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as shown in Fig. 5(a) and (b). For other largest eigen-
values, such positive correlations between the component
magnitudes and capitalizations are observed for positive
components or negative components. These findings sug-
gest that stocks with low volatility and high liquidity ex-
hibit high magnitudes of the eigenvector components.
Conclusion. – We have conducted a comparative
analysis of the information contents embedded in the
largest eigenvalues of the raw and partial correlation ma-
trices constructed from the 1-min high-frequency returns
of Chinese stocks in 2007 and 2008. We identified mar-
ket correlation structure changes around the Great crash
in several aspects. In addition, although the correlation
coefficient distributions and the largest eigenvalues of the
raw and partial correlation matrix are significantly differ-
ent in each period, the eigenvectors of the raw and partial
correlation matrices in each period are strikingly similar.
We found that the largest eigenvalue of each matrix re-
flects the whole market mode. It is found that the eigen-
vectors of the second largest eigenvalues in 2007 and of the
third largest eigenvalues in 2008 are able to distinguish the
stocks from the two exchanges, which are different from
the cases of the U.S.A. stock market [17] and the Chinese
stock market when daily returns are analyzed [24,34]. We
also found that the component magnitudes of the some
largest eigenvectors are proportional to the stocks’ capi-
talizations.
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